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Do people care about income inequality and does income inequality affect subjective well-being? Welfare theories can predict either a positive or a negative impact of income inequality on subjective well-being and empirical research has found evidence on a positive, negative or non significant relation. This paper attempts to determine some of the possible causes of such empirical heterogeneity. Using a very large sample of world citizens, the author tests the consistency of income inequality in predicting life satisfaction. The analysis finds that income This paper is a product of the Poverty Reduction and Economic Management Unit, Middle-East and North Africa Region.. It is part of a larger effort by the World Bank to provide open access to its research and make a contribution to development policy discussions around the world. Policy Research Working Papers are also posted on the Web at http:// econ.worldbank.org. The author may be contacted at pverme@worldbank.org. inequality has a negative and significant effect on life satisfaction. This result is robust to changes in regressors and estimation choices and also persists across different income groups and across different types of countries. However, this relation is easily obscured or reversed by multicollinearity generated by the use of country and year fixed effects. This is particularly true if the number of data points for inequality is small, which is a common feature of cross-country or longitudinal studies.
Introduction
The role of income inequality in predicting subjective well-being is controversial. 2 Various theories put forward across the social sciences can predict either a positive or a negative impact of income inequality on subjective well-being. Empirical evidence that has emerged in studies carried out during the past few decades provides some support for both positions.
This paper returns to this question, proposes a number of possible hypotheses that could explain empirical heterogeneity of outcomes and tests these hypotheses one by one.
We find that, among the factors considered, multicollinearity is the most likely factor to explain empirical heterogeneity of results. In cross-country and longitudinal studies it is frequent to use country and year fixed effects to control for unobserved heterogeneity. This practice generates substantial collinearity between country and year dummies and variables estimated at the country/year level such as income inequality or GDP per capita. Such collinearity, in turn, can affect inference by changing sign and/or significance of the happiness-inequality relation. In cross-country or longitudinal happiness models, researchers face a real trade-off between addressing multicollinearity by dropping country and year fixed effects and addressing unobserved heterogeneity by keeping these variables in the model. Moreover, this trade-off increases in cost as the number of data points for inequality decreases.
The paper is organized as follows. The next section discusses theory and practice of the study of income inequality and subjective well-being. Section 3 puts forward a number of hypotheses that could explain the different findings in the literature on income inequality and subjective well-being. Section 4 describes the model, data and variables, section 5 presents the results and section 6 concludes.
Theory and evidence
Studies on subjective well-being and income inequality have been partly inspired by the much larger literature on happiness and income. This literature has been rather consistent in finding that income is a good predictor of happiness across people and across countries but not over time and over the life-cycle. Individuals or countries with a higher income have been found to be happier (Blanchflower and Oswald 2004 , Di Tella et al. 2001 , Inglehart 1990 , Diener et al. 1995 while longitudinal or life-cycle studies do not find a strong positive association between happiness and income (Easterlin, 1974 (Easterlin, , 1995 (Easterlin, , 2001 Diener et al., 1999; Veenhoven, 1993; Mangahas, 1995; Ravallion and Lokshin 2000; Clark and Oswald, 1994) .
The search for an explanation of the paradox raised by findings in longitudinal and life-cycle studies has led to the formulation of several theories, most of which focus on the role of the reference group and on the role of expectations. People consider their income relatively to those of a reference group rather than absolute income and adjust expectations accordingly.
When applied to the context of income inequality, these theories can provide opposite predictions about the impact of inequality on subjective well-being. This is also the case of theories of revolutions, social justice or relative deprivation that emerged during the second half of the twentieth century. As an example, take two of the most influential theories, the 'tunnel' effect theory proposed by Hirschman and Rothschild (1973) and the relative deprivation theory proposed by Runciman (1996) . 3 Hirschman and Rothschild (1973) argued that people may appreciate inequality if this signals social mobility, a phenomenon dubbed by Hirschman as the 'tunnel' effect. People who can observe others around them moving upwards in the income scale increase their expectations about their own social mobility and this makes them happier because it improves expectations about their own future.
This observation may be vulnerable to different criticisms. For example, an increase in others' mobility does not necessarily result in increased inequality if the upward 'movers' are mostly poor people. Some people or income groups may be more sensitive than others to income mobility and some people may fear rather than appreciate mobility. And different people or groups of people may only be concerned with the mobility of a specific reference group rather than with the mobility of all others taken together.
However, Hirschman and Rothschild referred to the population as a whole and did not discuss the implications for different tastes, income groups or reference groups. They simply argued that increased social mobility for only part of a population leads to increased inequality, increased prospects for all and increased individual and social welfare, at least in the short-term. 4 (1966) has instead devised a theory of social justice based on the notion that the individual sense of deprivation can be explained by the relative position that the individual occupies in relation to the self-selected reference group. Yitzhaki (1979) has formalized this concept applied to incomes and proposed to measure relative deprivation as the sum of the distances of a person's income from all incomes situated above in the income distribution and showed how this measure is in fact equivalent to the absolute Gini index (the Gini multiplied by the mean). The prediction of the Runciman-Yitzhaki framework is that increasing income inequality increases relative deprivation and decreases subjective well-being.
Runciman
Runciman's theory implies that the poorest are the most deprived and those who appreciate the least income inequality. In this case, the reference group is always constituted by people with higher income, even if the reference group is restricted to sub-samples of 3 In this paper we do not provide a comprehensive review of the theoretical literature or offer an alternative theoretical model of the happiness-inequality relation. We simply provide one example of alternative theoretical views that could justify alternative empirical findings. For recent theoretical reviews and new models on the happiness-inequality relation see Truglia (2007) and Hopkins (2008) . 4 In the long-run, if expectations for social mobility are not met, inequality can turn into an explosive social device. Hirschman and Rothschild (1973) model predicts positive returns to increased inequality only if the benefits of expectations outweigh the cost of envy. the population. It does not matter if the reference group is constituted by the poor, the rich or both groups because individual satisfaction is only defined within the reference group.
Theory would therefore suggest at least two mechanisms through which income inequality may affect individual satisfaction. The first is that a rise in income inequality signals future mobility and increases present satisfaction. This implies a positive relation between income inequality and life satisfaction (the Hirschman/Rothschild mechanism).
The second mechanism is that a rise in income inequality leads to an increase in relative deprivation and a decrease in life satisfaction (the Runciman/Yitzhaki mechanism). Moreover, while the Hirschman/Rothschild mechanism does not have clear predictions on which income group benefits the most from increased inequality, the Runciman/Yitzhaki mechanism indicates that the poor are more deprived and should be more inequality averse than the rich.
It is important to clarify at this point what we mean by inequality aversion and how
we interpret the sign of the happiness-inequality relation. Economics and statistics offer different definitions of inequality aversion. One is the definition derived from risk theory, which describes inequality aversion as the concavity of the utility curve. A second is the inequality aversion parameter used in statistical indexes of inequality which attributes a different weight to incomes located in different parts of the income distribution. One example is the Atkinson inequality measure. A third is the inequality aversion measured with experimental questionnaires and games specifically designed to capture the taste for inequality, for example the work conducted in recent years by Amiel and Cowell (1992) .
A fourth approach is to consider a negative relation between life satisfaction and income inequality as a sign of inequality aversion. For example, Clark (2003) argues that workers may not be inequality averse because he finds a positive relation between happiness and income inequality and Schwarze and Harpfer (2003) argue that Germans are only weakly inequality averse because a reduction in inequality does not increase well-being. In this paper we follow this last approach by interpreting a positive sign of the happiness-inequality relation as an indication that higher inequality is appreciated and provides a sense of satisfaction to individuals (the Hirschman/Rothtschild mechanism), and a negative sign as an indication that higher inequality is not appreciated and provides a sense of dissatisfaction (the Runciman/Yitzhaki mechanism). Empirical evidence on the sign and significance of the happiness-inequality relation is controversial and heterogeneous. As described below, one can find positive, negative or non significant relations depending on the particular study considered. Morawetz et al. (1977) have shown how two communities in Israel with different levels of income inequality differed in average happiness, where income inequality was found to be higher, average happiness was found to be lower. Schwarze and Harpfer (2003) find life satisfaction to be negatively correlated with inequality using the German socioeconomic panel over 14 waves and Hagerty (2000) using aggregated data for eight countries finds that average happiness levels are lower where income distributions are wider. On the contrary, Clark (2003) using the British Household Panel Survey finds a positive correlation between happiness and inequality for the employed population. A study by Alesina et al.(2004) found that individuals tend to be less happy if inequality is high but that this effect is stronger in the EU than in the US. Also, the poor and left-wing people in the EU are less happy if inequality is high while this phenomenon is not visible in the US. Graham and Felton (2006) looked at Latin American countries and found that inequality (measured in terms of relative wealth) made people in upper quintiles happier and those in the poorest quintile less happy but they also find that the Gini coefficient is non significant in a happiness equation. Senik (2004) does not find a significant correlation between happiness and inequality for Russia using the Russian Longitudinal Monitoring Survey. A study by Helliwell (2003) finds no evidence that income inequality is correlated with happiness and, according to Veenhoven (1996) "Income inequality in nations appears almost unrelated to final quality of life as measured by average happiness (...)" (p. 34). Table A3 in the annex provides more detailed information on the cited literature in chronological order. Leaving aside the first study by Morawetz et al. (1977) , we can observe some similarities and dissimilarities. The data sets used in these studies are all different with the exception of two papers which both use the US-GSS study. Three studies use longitudinal panels of individual observations, four studies use cross-country studies with multiple years and one study uses a cross-country study with one year. The estimation models used can be ordered logit, ordered probit or OLS and this is a normative choice rather than a choice dictated by the data. The measure of inequality is the Gini for all studies except for part of the Hagerty (2000) study. Some papers estimate the Gini from the data set used while others extract the gini from other data sets. The Gini can also be estimated for countries, regions, Primary Sample Units (PSU) or particular reference groups. All studies use, in conjunction with the inequality measure, one or more measures of income such as income (in continuous or categorical form), lagged income, relative income or measures of countries' wealth. Most studies use country or regional fixed effects but two studies do not while years fixed effects are used by all studies with longitudinal data except one. Finally, some papers report the use of robust standard errors and/or cluster estimations while other papers do not report how the standard errors have been estimated. In the next section, we will put forward some hypotheses on how these diversities in choices may contribute to explain diversity in results.
Some hypotheses
There are several factors that may lead to controversial empirical results on the correlation between happiness and income inequality. Some of these factors relate to the specific data available or to the choice of the inequality measure made by the researcher. Other factors relate to econometric choices that may or may not relate to the data at hand. We discuss these two groups of hypotheses in turn.
The choice of the inequality measure is a first critical choice. Some studies use Gini exogenous to the survey used for the life satisfaction estimations, others use Gini calculated from within the surveys used. For example, Alesina at al. (2004) use the Gini taken from the Deninger and Squire database 5 and Helliwell (2003) uses the Gini taken from a World Bank database whereas Senik (2004) and Clark (2003) Combining longitudinal and cross-country data can also lead to different conclusions.
Suppose that we could use an 'endogenous' and an 'exogenous' income Gini simultaneously.
Suppose also that both samples on which the Ginis are estimated are representative of the population under study. The two Gini may, in fact, be different in value either because the income distribution cannot be identical in the two samples or because the welfare measure is different (such as income as opposed to consumption). Moreover, when the two Gini are compared across countries and time, the cross-section and longitudinal distributions of such Gini may also be very different affecting the covariance between income inequality and subjective well-being.
Another factor may relate to different tastes for inequality across different population groups. This may relate to different income groups, to different groups partitioned on other criteria such as region, gender, ethnic group or others or to different groups of countries. Some population groups are more sensitive to or have opposite tastes for inequality than other population groups and it may be difficult to isolate which groups behave homogeneously. When studies do not disaggregate by relevant group the net effect may be non significant. Moreover, people in different countries may have very different tastes for inequality due to cultural and other factors and this effect may overlap with the effect due to the different wealth of countries. Poor and rich countries may have different tastes for inequality. income relative to the mean, distances from the mean or distances from the median (see for example Xu, 2004) . Combining the Gini with other income measures is a rather common approach in happiness research because one of the recurrent themes is to test how relative income rather than income affects happiness. However, this has non negligible statistical implications. Using in the same equation an income Gini and the income variable on which the Gini is calculated or another relative income measure can lead to multicollinearity and to unpredictable coefficients and standard errors. This is a point hardly considered in happiness studies but very relevant if we wish to explain the empirical heterogeneity in outcomes of these studies.
Second, the use of country and year fixed effects in cross-country or longitudinal studies may generate substantial collinearity with the inequality measure. By fixed effects, we mean including dummies for countries or regions in a cross-country study or dummies for years in longitudinal studies. These dummies are useful to account for unobserved country heterogeneity and time dependence and they are routinely included in empirical models. However, inequality measures are estimated at the country/year level and the use of country and year fixed effects leads to increased multicollinearity. Multicollinearity, in turn, can make parameter estimates sensitive to small changes in the data, can inflate standard errors and coefficients and can also change the sign of predictors (Greene, 1997) .
Multicollinearity also relates to the number of data points available. One may have hundreds of thousands of individual observations but what really matters for the relation happiness-inequality is the number of data points for the measure of inequality. When inequality is measured at the country/year level, the number of data points available in cross-country or longitudinal studies is limited.
An additional factor may be the estimation of the standard error. In particular, using a robust form of estimator and regional clusters may alter significantly the results in cross-country studies for a variable calculated on aggregated units such as inequality. The Gini coefficient is forcibly calculated on groups of individuals and this restricts the degrees of freedom. A robust estimation of the standard error provided by standard statistical packages makes use of estimators such as the Huber-White Sandwich estimator of variance which, by definition, changes the estimation algorithm of the standard error. And introducing clusters, such as regional clusters, relaxes the assumption that observations are independent and adjusts standard errors for intra-region correlation accordingly. Estimating standard errors with a Huber-White Sandwich estimator and regional clusters do not affect coefficients but affect inferences about coefficients and significance levels. The choice of estimation procedure for the standard error should normally be dictated by the underlying structure of the data but researchers may have incomplete information on the original data structure or simply overlook some important aspects. 6
In the rest of the paper we test how these different factors affect inference about the relation between subjective well-being and income inequality. The list of factors is nonexhaustive and we do not pretend to cover in this paper all possible causes of empirical heterogeneity. However, if the factors listed above contribute to explain such heterogeneity, then any inference from any study on the relation between happiness and inequality is 
Data, model and variables
The data set adopted has been compiled aggregating all rounds of the European and the where each country has been surveyed from a minimum of one to a maximum of four times. Table A2 in the annex provides details on countries, years and number of observations. We also merged this data set with two other variables: GDP per capita at Purchasing Power Parity (PPP) extracted from the IMF world economic outlook database 8 and the Gini coefficient extracted from the United Nations University, World Institute for Development Economics Research (UNU-WIDER) database on inequality. 9 We use GDP per capita to control for countries wealth and the UNU-WIDER Gini to adopt an alternative measure of income inequality independent of the database we use.
As a benchmark for our analysis, we use what we could call a 'standard' model in happiness studies that combines cross-country and longitudinal data (see for example Alesina et al., 2004) . Let H = Subjective well-being; X = Income; I = Income inequality; R = Relative income; W = A measure of countries' wealth; C = A vector of control variables for individual characteristics; T = A vector of country dummies; Y = A vector of case of welfare studies, if information on household welfare is very homogeneous within clusters, this is an essential information to decide on the use of clusters. Therefore, in the absence of complete and reliable data information, the least risky choice would be to use both robust and cluster options while the most transparent choice would be to compare and discuss results with and without robust and cluster options.
7 Data can be freely downloaded from: http://www.jdsurvey.net. We are grateful to the Values Study Group and World Values Survey Association for creating and making accessible the EUROPEAN AND WORLD VALUES SURVEYS FOUR-WAVE INTEGRATED DATA FILE, 1981 , (v.20060423, 2006 year dummies; α, β, γ, δ, η = Parameters to be estimated; = Error term; i = individuals; c = countries and y = years. We estimate the life satisfaction equation cross-section on a pooled sample of world citizens as described below:
A wide range of reduced specifications will be considered as well as alternative estimations of the standard error. We use the robust Huber-White sandwich estimator and regional clusters for a robust estimation of the standard error. As shown below, the dependent variable is categorical and all estimations are made with an order logit model.
As a measure of subjective well-being (H), we use Life satisfaction. The question asked is: "All things considered, how satisfied are you with your life as a whole these days? " Answers include a ten steps ladder where '1' stands for "Dissatisfied " and '10' stands for "Satisfied ". This is a common question used in happiness research and validation studies conducted by psychologists and social scientists show that answers to such questions are reliable (Lepper 1998 , Sandvik et al. 1993 , Fordyce 1988 , Inglehart 1990 , Saris and Scherpenzel 1996 .
Income (X) is measured as self-positioning in a ten-steps income scale where the income brackets have been measured in local currency in each country. 10 This is not self-declared income but the positioning of individuals into income brackets. In some sense, this is a more accurate indicator than self-reported income which is known to be underreported in household surveys worldwide. That is because people are not asked to tell how much they earn but simply to say to which income bracket they belong to.
For cross-country comparability purposes, the income variable has been further trans- Relative income (R) is measured as income divided by mean income within each country and year. In happiness research this variable is often used in conjunction with income and/or income inequality to test the importance of the relative income position as opposed to absolute income in explaining satisfaction. Relative income has been found to have a significant and positive effect on satisfaction but the sign and significance of this variable may be affected by collinearity with other variables such as income or income inequality.
It is important therefore to test how the inclusion and exclusion of this variable may alter results for income inequality.
Countries' wealth (W ) is measured with GDP per capita for each country and year.
As already mentioned, this variable has been extracted from the IMF database and is used in real terms, USD and PPP values.
We also use a number of control variables (C) as follows. A first set of variables measures individual and family attributes which are possible predictors of life-satisfaction.
These are being unemployed (dummy), sex (female), age (continuous with the addition of age squared) and a dummy for tertiary education and marriage status (dummy where one includes: "married " and "living together as married "). These are all variables which have 11 Note that for countries that changed currency during the period considered (adoption of the EURO or USD or introduction of a new local currency) the IMF data use only the latest currency. This meant that we had to transform first the income values from our database into the same currencies used by the IMF using the appropriate exchange rates for each currency and each year and only then apply the constant, USD and PPP transformations.
12 For the selection of the most appropriate Gini, we followed indications provided by Gruen and Klasen (2008) . According to tests conducted by these authors on the Gini WIDER database: "Gini coefficients based on expenditures or consumption are significantly lower than based on incomes, and those based on disposable incomes are also significantly lower than those based on gross incomes, particularly in OECD countries." (p. 219).
been found in the past to explain life satisfaction well.
A second set of variables is used as control variables for personal values. This includes the importance attributed by individuals to family and friends (average of these two variables), the importance attributed to work relatively to leisure (importance of work/importance of leisure), the importance of politics and the importance of religion (categorical form). 13 All these variables are measured on a scale from one to four. The original variables assigned to one the value "very important" and to four the value "Not important at all ". We reversed this order to make the variable increasing in life satisfaction.
A last set of variables measures trust. One is individual trust in people which is measured with a dummy variable where one is "Most people can be trusted " and zero is "Can't be too careful ". A second variable measures individual trust in institutions, also reported as a reversed one to four scale. This variable is the average trust that individuals reported to have vis-à-vis a number of institutions including the army, police, justice system, parliament, civil service, press, companies and trade unions. Trust in people and institutions can be understood as measures of social capital as in Helliwell (2003) . 14
Tests
In this section, we propose a systematic approach to test the consistency of the Gini coefficient as a possible predictor of life satisfaction comparing sign and significance of the Gini coefficient across different specifications of the life satisfaction equation and different samples.
The original database we use is unbalanced meaning that not all variables are observed in all countries and for all years. This posed a problem when comparing different sets of reduced equations. We therefore opted to balance the sample for all variables we considered, which reduced the number of observations from 263,097 to 95,612 for sample '1' (where the Gini WIDER is constructed on income and consumption measures) and to 66,630 for sample '2' (where the Gini WIDER is constructed with only disposable income).
Also important is the fact that the number of country/year points is reduced from 173 to 77 for sample '1' and to 56 points for sample '2'. The variance of the Gini and of GDP per capita depends on the number of country/year points present in the data and changes in this number affects inference. Table A1 in the annex compares means, standard deviations, maximum and minimum values for all variables in the full sample and the two reduced samples. As it can be seen from the table, differences between the full sample and the two reduced samples are 13 Note that it makes little difference if these last two variables are split into dummies. We re-estimated the first equation of Table 2 splitting importance of religion and importance of politics into dummies. The coefficient of the Gini changed from -0.0288 to -0.0285 and the z-stat from 5.91 to 5.87. The other variables in the equation had similar marginal changes and none of the variables changed sign or significance level.
14 As noted by one of the referees of this paper, if inequality reduces individuals' trust, then controlling for trust may underestimate the effect of inequality on well-being. This is also an issue related to multicollinearity.
small for the dependent and control variables. There are instead noticeable differences for the two Gini, GDP per capita and income between sample '1' and sample '2'. This is due to the fact that some countries and years are lost with the smaller sample and this has an impact on the mean of key variables, particularly those variables estimated at the country/year level. For the discussion that follows, it is important to keep in mind that sample '2' is a sub-sample of sample '1' and represents a sub-set of countries and years. Table A2 in the annex provides details on the samples considered in this paper.
We start by estimating the full model as described in equation [1] and including robust and regional clusters and country and year fixed effects. A robust estimator allows to relax the assumption that regressors and error term are identically distributed whereas the regional cluster option let us relax the assumption that individual observations within regions are independent. Country and year dummies control for country heterogeneity and time dependence. This is what we could call a standard approach when working with a pooled sample of world citizens. It is also the approach followed by Alesina et al. (2004) that we said we use as a benchmark for our tests. The exercise is repeated for the Gini WVS and Gini WIDER and for the two samples considered. 15
Results are shown in Table 1 . The coefficients for both Gini are negative and significant in both samples indicating that higher income inequality is associated with lower life satisfaction. The fact that this result is consistent across different Gini and different samples shows that results are robust. Sign and significance concord whether we use the Gini WVS (constructed with mid-class values from the ten-steps income variable contained in the World and European values surveys) or the Gini WIDER (imported from the UNU-WIDER database). They also concord if we use the Gini WIDER constructed with different income measures or the Gini WIDER constructed only with disposable income and they concord if we use the larger or smaller samples. The standard model provides consistent evidence of a negative association between life satisfaction and income inequality.
It is important to note, however, that the Gini is highly collinear with other independent variables used in the model. This is visible in all four equations considered as indicated by the high levels of the Variance Inflation Factor (VIF) reported on the bottom of Table 1 . 16 When we tested for collinearity of the Gini with other variables, we found that this is due to GDP per capita and to most countries and years dummies included into the model. We found a large and significant correlation between the two Gini and GDP per capita (Pearson correlation coefficient of +0.6 for the Gini WVS and +0.5 for the Gini WIDER) and we also found these correlations to be high with most country and 15 Note that we are not trying to replicate Alesina et al. results, we simply use the same form of equation as also used in other contributions and with different data. Our purpose is to test this general form of equation under different specifications. 16 The VIF is estimated as 1/(1-R2) from an OLS regression where the dependent variable is the Gini and the independent variables are all other regressors used in the equations. This is perhaps the most popular test for collinearity. A VIF equal to one indicates no collinearity while values higher than one indicate higher degrees of collinearity. Values of five or more are generally considered as indicators of high levels of multicollinearity.
year dummies retained by the model. These correlations are not surprising and due to the fact that the Gini, GDP per capita and country and year dummies are all country and/or year variables and count on a very restricted number of data points as compared to individual variables. This collinearity affects the reliability of the coefficients, often leads the software to drop selected countries and years and increases in importance with smaller samples. In Table 1 , some countries and years have been dropped by the software for multicollinearity and the share of country and year dummies dropped increases as the number of country/year points decreases (see bottom of Table 1 ).
The issue of multicollinearity can be relevant in the standard model also for individual variables, where the number of data points is much greater than for the Gini or GDP per capita. Table 1 shows that the coefficient for income is always negative and significant while relative income is always positive and significant. This would suggest that the two variables have opposite effects on life satisfaction. However, the two variables are correlated by construction (Pearson of +0.66 for sample '1' and +0.67 for sample '2') and excluding one of the two variables from the equation changes results for the other variable. For example, when income is used without relative income, this variable is always positive and significant in all models considered in Tables 1-4. In this paper, we are mostly concerned with the Gini and we will test the impact on the Gini of including and removing other income variables from the model. However, in studies on income and life satisfaction, it is recurrent to use as regressors income together with other income related measures such as relative income, income classes or income rank (see for example Ball and Chernova, 2005; Senik, 2004; Graham and Felton, 2005 and 2006; Clark, 2003 and Schwarze and Harpfer, 2003) because several welfare theories underline the importance of relative income in addition to absolute income. We find that this practice may pose non negligible problems in terms of collinearity and interpretation of the coefficients.
Concerning the control variables and as compared with empirical results in previous studies on happiness, our results largely confirm known correlations with life satisfaction. 17 With a positive and significant sign we find age squared, tertiary education, being married, trust in people and institutions, the importance of family and friends and the importance of religion. These are the factors that are associated with increased life satisfaction. Regressors with a negative sign are being unemployed, age, importance of work and importance of politics. These are the factors associated with lower life satisfaction.
All these findings are consistent across the four equations in Table 1 indicating that our standard model replicates previous results well.
[ Table 1] In Table 2 , we test the consistency of the Gini coefficient by changing the set of regressors (income, relative income, GDP per capita and controls). As in Table 1, in  Table 2 we use robust standard errors, the regional cluster option and country and year fixed effects. For simplicity, the inclusion or exclusion of the different regressors has been marked with a 1/0 code where '1' stands for inclusion and '0' stands for exclusion. We also report only the coefficients of the Gini and, as before, we repeat the exercise for the two Gini and for the two samples.
The two Gini maintain a negative and significant sign in both samples and with no exceptions. The inclusion or exclusion from the model of other variables that make use of the same income measure on which the Gini WVS is constructed such as income and relative income do not alter the sign or significance of the Gini. In all estimations carried out in this paper we find a strong collinearity between income and relative income and this collinearity changes the sign and significance of these variables when used separately or in conjunction. This phenomenon does not seem to affect the Gini coefficient. In fact, the Pearson correlation coefficient between the Gini WVS and income is significant but small (+0.2 for the Gini WVS and +015 for the Gini WIDER) while the same coefficient between the two Gini and relative income is non-significant. Similarly, the inclusion or exclusion of GDP per capita does not seem to affect inference on the Gini coefficient with any of the Gini or samples used despite the relevant correlation found between the Gini and GDP per capita. Table 1, in Table 2 the VIF values for the Gini are all very high, especially for the Gini WIDER, and multicollinearity of the Gini persists when we remove other income variables from the model, including GDP per capita. This suggests that the high levels of multicollinearity observed for the Gini are not generated by other income variables present in the model or by control variables. This is an important finding for empirical research.
As in
We have some evidence that the Gini can be safely used in conjunction with other income variables and that correlation between income variables does not necessarily lead to fragile inference about the happiness-inequality relation.
[Table 2]
In the following exercise we keep all key regressors and all control variables in the equation while we test the Gini coefficient with alternative estimation choices of the life satisfaction equation including and excluding the robust standard error, regional clusters, country and year fixed effects. Despite the popularity of the standard model, different authors make different choices. Such choices may depend on the particular sample used or on the particular economic model that one has in mind but all these choices carry a certain amount of uncertainty about the underlying assumptions that justify the choice.
We expected a strong predictor of life satisfaction to be consistent irrespective of the choice made and testing results under different choices can be regarded as a validation exercise.
In Table 3 , we find no consistency in sign or significance of the coefficient for both Gini and in both samples. Both Gini can be negative, positive, significant and non significant with either sample '1' or sample '2'.
The robust and cluster choices can make a difference to inference about the Gini, especially if the sample is small and the number of countries and years is reduced. Different choices do not have an impact on the sign or size of the coefficients but can have an impact on standard errors and significance levels. In Table 3 we see that when the robust and cluster estimations are introduced (eq. 2 and 3) the z-statistics can visibly change. This is particularly true for the Gini WIDER and for the smaller sample that considers a restricted number of countries and years (sample '2').
More importantly, introducing or removing country and year fixed effects can alter inference on inequality remarkably. When country fixed effects or both country and year fixed effects are introduced, all Gini are negative and significant (eq. 4, 7, 8, 10, 12, 13, 15, 16) . This is what we found in Tables 1 and 2 where we used country and year fixed effects for all equations. When country and year fixed effects are removed or year fixed effects are used alone, the Gini turns positive and significant or non-significant (eq. 1, 2, 3, 5, 6, 9, 11 and 14) . In particular, it would seem that country fixed effects have an The World Values Survey is characterized by many countries, few years for each country (from one to four years depending on the country) and several years in between any two consecutive observations within countries. Changes in the Gini can be significant but, among the countries with more than one observation, about half have decreasing Ginis, one has a Gini that goes up and down and the rest of the countries have increasing Ginis. Therefore, the Ginis do not move together over time across countries whereas the within countries variation is limited by the number of years available for each country.
Having more data points for the Gini may help to better capture the relation between happiness and inequality but this is not always the case. For example, Senik (2004) finds non significant coefficients for the Gini when she estimates the Gini at the national, regional or PSU levels. Also, in a previous version of the paper, we estimated the Gini WVS at the regional level and compared the coefficient of this variable with that of the Gini estimated at the country level. We found that the Gini region was even more sensitive than the Gini country to the use of country and year fixed effects.
In substance, there is a trade-off between the inclusion of country and year dummies, which allows to control for unobserved factors but generates collinearity, and the exclusion of these dummies, which fixes collinearity but increases the problem of unobserved heterogeneity. Moreover, with smaller samples, increased standard errors can be generated by both the use of robust and cluster estimations and by increased collinearity between the Gini and country and year fixed effects. This combination of factors can make inference on inequality very fragile and the use of data with very different structures such as crosscountry, longitudinal or panel data can lead to different results because the structure of the data can tip the balance of the Gini coefficient towards negative or positive values.
These factors help to explain the existing heterogeneity in empirical results. 18
[Table 3]
One alternative hypothesis that we put forward in previous sections is that people located in different parts of the income distribution may have a different appreciation of inequality. It seemed therefore important to test alternative specifications dividing observations into income groups. For this purpose, we split the sample into rich and poor individuals using as a poverty line median income within each country/year point.
We also split the sample into Western and Non Western nations dividing in this way rich and poor countries and also countries that may differ in state institutions. It is entirely possible that people living in countries at different levels of economic and institutional development may have a different appreciation of inequality, which is another important question to address. Evidently, poor and rich individuals and poor and rich nations are not overlapping definitions. Poor and rich individuals are defined within each country and
year and relative to median income whereas poor and rich nations are split according to national wealth (an individual may be poor but live in a rich nation). 19 Table 4 shows the results. 20 There is no difference in sign between poor and non-poor people and between Western and non-Western nations for both Gini and both samples considered. With the gross distinctions we made in terms of income and countries, we seem to find that higher income inequality is invariably associated with lower life satisfaction.
However, this relation is not always significant. In sample '1' the Gini WIDER is non significant for poor individuals and non Western (poorer) countries although it becomes significant for poor individuals with the use of the more precise Gini WIDER in sample '2'. In the smaller sample '2' the Gini WVS becomes non significant for poor individuals and Western countries.
As we discussed in section two of this paper, there are various reasons of why the poor and the non poor may or may not be inequality averse. The consistent negative sign that we find for poor and non poor alike indicates that both groups are inequality averse but does not tell us anything about the reasons that may explain such aversion.
18 Note that when we tested if the control variables used in Table 3 could be positively correlated with both life satisfaction and the Gini, we found that only one variable (trust in institutions) was positively correlated with life satisfaction and both Ginis while one variable was positively correlated with life satisfaction and the Gini WIDER (importance of politics).
19 Note that splitting the sample into smaller income classes or greater regional detail made the samples too small. 20 As in Table 1 , we estimated the model with the two Gini and the two samples and included all regressors (key and controls) and all estimation choices (robust standard errors, regional cluster, country and year fixed effects). For simplicity, only the coefficients of the Gini are shown in the table.
It is rather natural for the poor to be inequality averse because lower inequality could imply better distribution of resources and improved welfare but Hirschman and Rothschild (1973) suggested that even the poor could favor inequality. On the other hand, inequality aversion of the non poor is less intuitive although scholars across the social sciences have sometimes explained such aversion with sentiments of guilt, regret or compassion or with a preference for more stable and less conflictual societies. This paper did not investigate the motives that may explain such attitudes on the part of the poor and non poor but our findings clearly speak in favor of the Runciman's view that more inequality generates a greater sense of dissatisfaction.
Despite the consistency of the negative sign in Table 4 , inference on inequality is less robust than in Table 1 where we used the same standard model. The difference in Table   4 is that we use reduced sample sizes having split the sample into different groups. This reduces the number of observations and the number of countries, years and country/year points available and increases the likelihood of multicollinearity between the Gini and other variables.
When multicollinearity with countries and years dummies increases, the software is also more likely to drop some of these dummies. If we compare the number of countries and years dummies dropped by the software with the total number of countries and years available for each equation in Table 4 , we can see that the share of countries and years dummies dropped by the software is larger for smaller samples. For example, in the two equations on poor and non poor individuals in sample '2', the software drops three of the ten years dummies because of multicollinearity. It is evident that by excluding a third of the years fixed effects we are estimating a different model and we could reach rather different conclusions on the Gini. This is an issue hardly discussed in the empirical literature.
In conclusion, the central issue in studying the happiness-inequality relation is the interplay between multicollinearity, data structure and sample size. The combinations of different sets of key regressors such as income and relative income does not affect the sign and significance of the inequality measure although may generate collinearity between income and other individual measures constructed with income. Robust and cluster estimations do not have an impact on sign and size of coefficients but can contribute to change significance levels, especially in small samples. More importantly, the inclusion and exclusion of country and year fixed effects represents a real trade-off between addressing issues of collinearity and issues of unobserved heterogeneity and the cost of this trade-off can change with different data structures and sample sizes.
[ Table 4 ]
Conclusion
Both theory and empirics can provide alternative views on how income inequality may affect subjective well-being. We discussed how, for some scholars, an increase in inequality may lead to improved happiness while, for other scholars, an increase in inequality should lead to decreased happiness. We have also discussed and shown in Table A3 how empirical contributions have reached rather different conclusions about the covariance of happiness and inequality. Some papers find a positive associations, some a negative association and others no association at all.
We put forward a number of hypotheses that could explain the existing empirical heterogeneity and tested these hypotheses one by one making use of a standard happiness model and of a large sample of world citizens. These hypotheses relate to the choice of Gini, tastes for inequality across population subgroups, choice of key regressors, use of country and year fixed effects, number of data points available and estimation of the standard error.
Overall, we found income inequality to have a consistent, negative and significant effect on life satisfaction worldwide when a standard happiness model is used. However, this relation can be sensitive to different factors. The use of Ginis estimated from within the sample used or imported from other data set can make a difference in estimating coefficients, although sign and significance of the happiness-inequality relation is preserved (Table 1 ). The choice of key regressors can be important if we use variables that use the same income variable used to estimate the Gini such as income or relative income.
However, we found the sign and significance of the Gini to be robust to such changes ( Table 2 ). The use of subsamples such as poor and rich individuals or Western and non-Western countries also preserves the negative and significant sign of the happinessinequality relation although this relation is more difficult to detect as we use smaller samples of countries and years (Table 4) .
Instead, we found very high levels of collinearity between inequality and country and
year fixed effects and we found this multicollinearity to have the potential to change size, sign and significance of the happiness-inequality relation (Table 3) . We argued that a real trade-off between addressing issues of multicollinearity and issues of unobserved heterogeneity may exist. In particular, such collinearity may be more or less relevant depending on how the standard error is estimated and depending on the structure of the data set. Robust and cluster estimations of the standard error can make the happinessinequality relation more difficult to detect particularly when country and year fixed effects are used. And similar specifications of the happiness equation that use different data sets, number of countries, years or observations can lead to different results because the role of multicollinearity can change when the structure of the data changes.
These last factors are the most likely to explain the heterogeneity found in empirical studies. All studies considered used different data sets. Some studies worked cross-country, others cross-country and longitudinally and others are panel studies. Not all studies use robust and cluster options and when cluster options are used these can be at different levels (country, region or smaller units). Most studies use country and/or year fixed effects but the collinearity that these fixed effects can generate with the Gini can be very different depending on the structure of the data and on the estimation procedure for the standard error.
In order to compare results across studies, readers should have full information on the number of countries and years, the number of observations within each country/year data point, the exact procedure used for the estimation of the standard error, the use of country, year or other fixed effects, the number of country or year dummies dropped by the software during estimations and more generally the full estimation model. When some of this information is missing, it becomes very hard to replicate and compare results. 
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